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ABSTRACT
Mobile devices are only as useful as their battery lasts. Un-
fortunately, the operation and life of a mobile device’s bat-
tery degrade over time and usage. The state-of-health (SoH)
of batteries quantifies their degradation, but mobile devices
are unable to support its accurate estimation — despite its
importance — due mainly to their limited hardware and dy-
namic usage patterns, causing various problems such as un-
expected device shutoffs or even fire/explosion. To rem-
edy this lack of support, we design, implement and eval-
uate V-Health, a low-cost user-level SoH estimation ser-
vice for mobile devices based only on their battery voltage,
which is commonly available on all commodity mobile de-
vices. V-Health also enables four novel use-cases that im-
prove mobile users’ experience from different perspectives.
The design of V-Health is inspired by our empirical find-
ing that the relaxing voltages of a device battery fingerprint
its SoH, and is steered by extensive measurements with 15
batteries used for various commodity mobile devices, such
as Nexus 6P, Galaxy S3, iPhone 6 Plus, etc. These measure-
ments consist of 13,377 battery discharging/charging/resting
cycles and have been conducted over 72 months cumula-
tively. V-Health has been evaluated via both laboratory ex-
periments and field tests with multiple Android devices over
4–6 months, showing <5% error in SoH estimation.
1. INTRODUCTION
Apple announced a free-replacement program of iPhone
6S batteries in Nov. 2016 [1], due to frequent users’ com-
plaints on the phone shutoffs even when showing 10–30%
remaining power, and concluded faster-than-normal battery
degradation to have caused the problem [2]. Similar un-
expected phone shutoffs also occurred on devices such as
Nexus 6P [3], Galaxy S4 [4], iPhone 5 [5], to name a few.
These incidents imply the inability to accurately answer
a simple question “how long will my phone battery last?",
which means (i) the remaining battery life (e.g., relative to
battery degradation and thus its warranty period) or (ii) re-
maining device operation time until the battery runs out (i.e.,
the operation time with a single charge). The answer re-
lies on the quantification of battery’s capacity degradation,
which is traditionally captured by its state-of-health (SoH),
defined as the ratio of the battery’s full charge capacity to
the designed capacity [6–8]. Unfortunately, mobile devices
are not equipped with the capability necessary for accurately
quantifying its battery’s SoH. For example, Android only
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Fig. 1: Deficient SoH information on mobile devices: Android’s Battery-
Manager specifies all of these batteries to be in good health even though up
to 75% capacity degradation is observed.
specifies battery health as good or dead, without any quan-
tified information [9]. Fig. 1 plots our measurements on the
battery SoH of 8 Android phones with a battery tester: all of
these batteries are tagged as good although their capacities
are observed to have degraded by as much as 75%.
The non-existence of quantified battery SoH introduces
errors in estimating the devices’ remaining power (i.e., state-
of-charge (SoC)) and thus shutting them off prematurely or
unexpectedly [10, 11], as happened to iPhone 6S and other
devices, because batteries’ SoC, by definition, is grounded
on their SoH [12–14]. It also prevents the comparison of a
device’s battery life against its warranty period, as users will
not know whether the shortened device-operation is due to
system updates1 and app installations [16,17], or because of
battery degradation. Last but not the least, this inaccurate
SoC easily leads to battery over-charge/deep-discharge, ac-
celerating SoH degradation and thus increasing the SoC es-
timation error [10, 12, 18], thus forming a positive feedback
loop between the two [7].
The deficiency of health information on mobile devices’
batteries stems from the non-existence of compatible meth-
ods to estimate their SoH. Most existing SoH estimation
methods require either battery parameters, determination of
which is beyond mobile devices’ capability due to hard-
ware limitation (e.g., impedance [19–21] and ultrasonic
echo [18]), or specific applicable conditions that do not
always hold due to devices’ dynamic usage patterns (e.g.,
small current to fully charge and discharge [14, 22, 23]).
Moreover, even Coulomb counting — the most widely-
deployed SoH estimation method via current integration [14,
24] — is not supported well on mobile devices because
(i) not all power management ICs (PMICs) of mobile de-
vices support electric current sensing [25], making Coulomb
counting infeasible; (ii) the PMIC-provided current informa-
1For example, Android 6.0 Marshmallow is reported to reduce de-
vice operation when first launched [15].
1
tion is too coarse and lacks real-time capability, even when
available [26, 27]. Such unreliable current information on
mobile devices is also reported by Ampere, a current sens-
ing app with millions of downloads [28].
To remedy the above problems, we propose V-Health, a
user-level SoH estimation service for mobile devices based
solely on their battery voltage, and is thus compatible to all
commoditymobile devices with voltage sensing and process-
ing capabilities, such as smartphones, tablets, smartwatches,
and even electric vehicles. With the thus-estimated SoH,
V-Health also enables 4 novel use-cases that improve user
experience: (i) SoH-compensated SoC estimation that alle-
viates unexpected device shutoffs, (ii) detection of abnor-
mal battery behaviors that reduces safety risks such as ther-
mal runaway, (iii) cross-user battery comparison that iden-
tifies battery-friendly/harmful usage patterns, and (iv) bat-
tery resistance monitoring. Fig. 2 presents an overview of
V-Health.
The design of V-Health is inspired by our empirical find-
ing: the relaxing battery voltages — a time series of battery
voltages when resting it after its charge/discharge — finger-
printing its SoH, and this voltage–SoH relationship holds re-
liably for all same-model batteries. We uncover and validate
this property via machine learning and based on extensive
measurements with 15 batteries used for various mobile de-
vices, such as Nexus 6P, Nexus 5X, Xperia Z5, Galaxy S3,
iPhone 6 Plus, etc., consisting of a total of 13,377 discharg-
ing/charging/resting cycles and have been collected over 72
months cumulatively.
Resting battery to collect its relaxing voltages is not al-
ways feasible for mobile devices because they draw dynam-
ically changing amounts of current from batteries continu-
ously, even when idle [29,30]. V-Health exploits over-night
device charging to collect the relaxing voltages, which (i)
rests device battery after fully charging it [31, 32], (ii) of-
fers stable battery conditions in both device operation and
thermal environment, (iii) masks the disturbances caused
by device usage behaviors, and (iv) is frequently done by
users [33–35] — our dataset of 976 device charging cases
collected from 7 users shows that 34% of them are over-
night charge lasting 6+ hours and are long enough to rest
the battery once fully charged. This way, V-Health does
not degrade user experience, as the external charger supplies
the power needed for information reading/logging.
This paper makes the following main contributions:
• Discovery of the correlation between relaxing battery
voltages and their SoH, uncovering the feasibility of
voltage-based SoH estimation (Sec. 4);
• Design and implementation of V-Health, an SoH es-
timation service for mobile devices via voltage finger-
printing, neither requiring additional hardware support
nor incurring energy overhead that degrades user expe-
rience (Secs. 5 and 6);
• Evaluation of V-Health using both laboratory exper-
iments and field-tests on multiple devices over 4–6
Fig. 2: V-Health Overview: estimating mobile devices’ battery SoH
based only on voltage information, and enabling 4 novel use-cases.
months, showing <5% SoH estimation error (Sec. 7);
• Demonstration of 4 novel use-cases enabled by
V-Health (Sec. 8).
2. RELATED WORK
Accurate SoH estimation is crucial for battery manage-
ment [37, 38], which has been studied extensively based on
various battery parameters such as voltage [7, 12, 39], cur-
rent [10, 40–43], open-circuit-voltage (OCV) [13, 22, 44],
SoC [45, 46], resistance [47], impedance [19–21], and even
ultrasonic echo [18]. These SoH estimation methods, albeit
reported to be accurate, cannot be deployed on mobile de-
vices due to their limited hardware support and dynamic op-
erating conditions.
Mobile devices offer limited hardware support for sens-
ing, rendering some of the needed battery information un-
available. For example, the battery impedance needed
in [19–21] requires a specialized equipment to collect, cost-
ing as much as $5,000 apiece. Actually, even the rela-
tively easy-to-measure electric current — the foundation of
the most widely-deployed SoH estimation method,Coulomb
counting — is not always available on mobile devices [25],
and suffers from poor accuracy and lacks timeliness even
when available. We will elaborate more on the insufficient
current sensing on mobile devices in Sec. 3. Also, battery
information such as OCV and SoC requires specific condi-
tions to be met for their accurate estimation. For example,
OCV and SoC can be accurately estimated only when the
battery has been charged/dischargedwith small current (e.g.,
less than 0.05C) for a long period of time [14,22,48], which
does not always hold due to devices’ dynamic usage patterns,
thus yielding poor estimation accuracy, e.g., an SoC error
of ±25% is specified for Qualcomm’s PM8916 [49]. We
will make two existing solutions requiring SoC and OCV
in [45,46] adopt the over-night charge to improve reliability,
and use them as the baselines for comparison in Sec. 7.
In contrast, voltage is the most pervasively/easily avail-
able battery information on mobile devices, and hence we
choose its use for SoH estimation, i.e., V-Health. To the
best of our knowledge, the closest to V-Health are [36]
and [50].
Guo et al. [36] estimates battery SoH based on its voltage–
time relationship during charging. Such a voltage–time re-
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Fig. 3: Device usage behavior during charg-
ing matters to [36]: battery voltage rises much
slower when the phone is in active use, degrading
the SoH estimation accuracy of [36].
(a) Two consecutive charges of an idle phone (b) Both voltages and charging durations vary
Fig. 4: Device usage behavior before charging matters to [36]: (a) two consecutive charges
of an idle Nexus 6P phone after discharged to different SoCs (1.A and 2.A); (b) the voltage–time
relationship varies (part of 1.B and 2.B), degrading the SoH estimation accuracy of [36].
lationship, however, depends strongly on device usage be-
havior, making it unreliable on mobile devices. First, usage
behavior during charging affects the voltage–time relation-
ship. Fig. 3 plots the voltage curves during two consecu-
tive charges of a Galaxy S6 Edge phone — the phone is left
idle during the first charge and operates actively during the
second, showing clear dependency of the voltage curve on
device operation. Second, the usage behavior before device
charge affects the voltage–time relationship, making [36] un-
reliable even when only applying it during over-night charge,
as V-Health does. Fig. 4(a) plots two consecutive charges
of an idle Nexus 6P phone after discharging it to 69% (1.A)
and 31% SoC (2.A), respectively. Their charging phases
during the [70%, 80%] SoC range (part of 1.B and 2.B in
Fig. 4(a)) are compared in Fig. 4(b), showing significant dif-
ferences in both durations and voltage levels and thus depen-
dency on before-charging device usage.
He et al. [50] explores the voltage-based SoH estima-
tion based on (i) a power model of battery voltage (i.e.,
v(t) = a · tb+ c) and (ii) a linear model between the power
factor b and battery SoH. Clearly, the accuracy of [50] de-
pends on the model accuracy and the empirically-identified
model parameters, which we observed to vary over battery
aging. V-Health reduces such model dependency with
a machine learning approach, which is further assisted by
a set of data pre-processing techniques including filtering,
smoothing, and dimension reduction. We will use [50] as
another baseline method for comparison in Sec. 7.
In summary, existing SoH estimation methods are not ap-
plicable to, or inaccurate for, mobile devices because of the
non-existence of required battery information or the inability
of meeting the required conditions.2 To remedy this problem,
we propose V-Health which estimates SoH based only on
voltage information and is enabled on mobile devices with
the common usage pattern of over-night charge.
3. MOTIVATION
2As an alternative, some commodity phones use a counter of bat-
tery’s complete charge/discharge cycles to indicate its health. This,
however, is not reliable as battery degradation depends heavily on
how it is cycled, such as charging/discharge rates, discharge depth,
and temperature [51–54]. For example, Choi et al. [55] showed
that battery health, even with the same cycle count, could differ as
much as 3x due to different discharge rates.
Fig. 5: Battery SoH: quantifies its capacity degradation and is required for
SoC estimation.
Fig. 6: Inaccurate SoH information on Nexus 5X: showing 2,705mAh
full-charge capacity and thus about 100% SoH even though the phone has
been used extensively for 14 months and observed to have a clearly short-
ened operation time.
This section provides the motivation behind V-Health.
3.1 What is Battery SoH?
SoH is one of the most critical battery parameters (Fig. 5),
quantifies battery’s capacity degradation, and is defined as
the ratio of battery’s full charge capacity Cfullcharge to its de-
signed levelsCdesign [6–8], i.e.,
SoH =Cfullcharge/Cdesign× 100%. (1)
SoH is also the key in estimating a battery’s real-time SoC:
SoC=Cremaining/(SoH×Cdesign)× 100%. (2)
whereCremaining is the real-time remaining capacity.
Cfullcharge is the foundation of SoH estimation, which is
usually estimated via Coulomb counting [14, 56], i.e., in-
tegrating the current when discharging/charging the battery
between two SoC levels to calculate the discharged/charged
capacity as
∆C =
∫ t(SoC2)
t(SoC1)
i(t)dt,
where i(t) is the current at time t. This way we know
Cfullcharge = ∆C/|SoC1− SoC2|.
3.2 Why is SoH Absent from Mobile Devices?
3
Fig. 7: Cycling mea-
surement: charge/rest/dis-
charge for 300 cycles.
Fig. 8: BTS4000 battery tester: controls
battery charge/discharge with less than 0.5%
error and logs at up to 10Hz [57].
Commodity mobile devices do not support Coulomb
counting well in terms of availability, accuracy, and time-
liness, thus making it difficult to estimate their battery SoH.
First, not all the PMICs, or more specifically their fuel gauge
components [58], of mobile devices support current sens-
ing [25, 50]. Moreover, the PMIC-provided current informa-
tion, even when available, is very coarse [27]. Our measure-
ment with a Nexus 5X phone shows that its PMIC’s current
reading deviates from the true value — collected with the
Monsoon power meter — by an average of 4% even at room
temperature. Last but not the least, the current information
may lack timeliness, which is crucial for Coulomb counting
because of devices’ dynamic currents, i.e., varying from tens
to thousands of milliamps in a few milliseconds [30]. A 47%
counting error due to insufficient sampling rates is reported
in [50].
As a real-life evidence of mobile devices’ deficiency in
supporting Coulomb counting and their limited SoH infor-
mation, Fig. 6 shows the full-charge capacity of a Nexus
5X phone provided by its fuel-gauge chip, saying its bat-
tery, with a design capacity of 2,700mAh, can still deliver
2,705mAh capacity upon being fully charged and thus an
SoH of about 100%, even though the phone has been used
extensively for 14 months and observed to have a shorter op-
eration time. This motivates us to explore current-free SoH
estimation, i.e., V-Health.
4. OVERVIEW
V-Health is built on our key finding that batteries’ re-
laxing voltages fingerprint their SoH.3 We demonstrate
this finding with a 2,200mAh Galaxy S3 battery. Specif-
ically, we test the battery by (i) fully charging it with a
constant-current constant-voltage (CCCV) profile of <0.5C,
4.2V, 0.05C>cccv as commonly specified in Li-ion battery
datasheet [61, 62],4 (ii) resting it for 30 minutes, (iii) fully
discharging it at 0.5C-rate until reaching a cutoff voltage
3Relaxing voltages also facilitate battery SoC estimation [59, 60].
4CCCV is widely used to charge mobile devices [10], described by
<Icc,Vfull, Icutoff>cccv: charge the battery with a constant current
Icc until its voltage reaches Vfull (i.e., CC-Chg), and then charge
it further with a constant voltage Vfull until the current reduces to
Icutoff (i.e., CV-Chg), as observed in Fig. 3 with the Galaxy S6 Edge
phone. Also, battery charge/discharge is often expressed in C-rate:
at 1C-rate, the current drains the battery completely in 1 hour, e.g.,
2,200mA for the battery used here.
of 3.3V, at which mobile devices normally shut off, and
(iv) repeating the process for 300 cycles, as summarized
in Fig. 7. This measurement is made with the NEWARE
BTS4000 battery tester [57] as shown in Fig. 8, and the
cycling process (i.e., current, voltage, timestamp) is logged
at 1Hz. Fig. 9(a) plots the battery voltage during one such
charging/resting/discharging cycle, and highlights the relax-
ing voltages during resting. The relaxing voltage drops in-
stantly upon resting and then decreases gradually further un-
til it converges.
We collect the battery’s full charge capacity (and thus its
SoH according to Eq. (1)) via Coulomb counting during each
discharge, thus recording its degradation process during the
cycling measurement, as shown in Fig. 9(b). Also, 300
time series of relaxing voltages are collected, each during
one of the 30-minute resting period (Fig. 9(c)). Comparison
of Figs.9(b) and 9(c) shows that the battery SoH degrades
over the cycling measurement due to its capacity degrada-
tion, while during the same measurement, its relaxing volt-
age decreases, exhibiting the possibility to fingerprint battery
SoH with the relaxing voltages.
V-Health exploits this voltage–SoH relationship to esti-
mate the SoH of device batteries by checking their relaxing
voltages with an offline-constructed fingerprint map. Fig. 10
presents an overview of V-Health, which we will elaborate
in the next two sections.
5. VOLTAGE FINGERPRINTING OF SOH
We now empirically characterize the voltage fingerprint
map of battery SoH.
5.1 Data Collection
Knowledge of batteries’ SoH degradation and relaxing
voltages is necessary to characterize their relationship with
extensive battery cycling tests. Such tests are readily avail-
able for smartphone OEMs, such as Samsung and Apple
when testing their products,5 but are not available for non-
OEM researchers. Therefore, we have conducted extensive
battery cycling measurements with 15 batteries used for var-
ious mobile devices as summarized in Table 1 (including the
one shown in Fig. 9): collecting the relaxing voltages dur-
ing each resting period and logging batteries’ SoH degrada-
tion based on their capacity delivery during each discharge.
These measurements consist of 13,377 cycles in total and
last over 72 months cumulatively. In these measurements,
the settings of <0.5C, 4.2V, 0.05C>cccv and Vcutoff = 3.0V
are commonly used to specify battery properties in indus-
try during battery testing [36,61,62], and Vmax = 4.35V and
Vcutoff of 3.2–3.3V specify more device characteristics: mo-
bile devices are normally charged to a maximum voltage of
4.3–4.4V and shut off when their battery voltage reduces to
3.2–3.3V [30].
These 72 -month measurements are long enough to iden-
tify the voltage–SoH relationship within the SoH range users
5This also makes V-Health ideally suitable as an OEM service.
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Fig. 9: Relaxing voltage fingerprints battery SoH: (a) voltage curve during one charging/resting/discharging cycle and the relaxing voltage during
resting; (b) battery SoH degrades during the measurements; (c) the relaxing voltage decreases during the measurements.
Fig. 10: V-Health summary: collecting relaxing battery voltages on mobile devices and checking with the fingerprint map for SoH estimation.
experience most (e.g., users rarely switch to new batter-
ies/devices until the old ones degrade to 0% SoH). Moreover,
the thus-identified voltage–SoH relationship can be extended
to the SoH ranges not covered by these measurements, as we
will explain later.
5.2 Construction of Fingerprint
Next we use 12 of such measurements based on 4 Galaxy
S3 batteries to elaborate on the construction of a voltage-
based SoH fingerprint map. Each of these 12 measure-
ments consists of ≈300 charging/resting/discharging cycles,
logged at 1Hz. This way, we collected 12 SoH-degradation
traces, each from one measurement, and also recorded 3,612
time series of relaxing voltages, each from the resting period
within a cycle. The same approach of fingerprint map con-
struction is applied to all the batteries in Table 1 and evalu-
ated, as we will explain in Sec. 7.
Data Filtering and Smoothing. Variance/noise exists in
the measurements of SoH degradation and relaxing voltages
(as observed in Fig. 9), which are likely due to battery dy-
namics, especially when considering the stable laboratory
environment (i.e., with an UPS connected and room tem-
perature control) and the battery tester’s high accuracy (i.e.,
less than 0.5% error in controlling the cycling processes).
Such a variance in battery measurements has also been re-
ported in [36], necessitating pre-processing (i.e., filtering
and smoothing) of data before constructing the fingerprint
map. The collected data were filtered and smoothed using
two empirically established models for the SoH degradation
and relaxing voltages.
The battery health is shown to degrade approximately
linearly (as observed in Fig. 9(b)) until it really becomes
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Fig. 11: Linear fitting of SoH
degradation: all the 12 degradation
processes fit linearly with RMSE
<0.00062 and R-Squared >0.972.
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tion v(t) = a · tb+ c (t ≥ 0).
bad [47, 51]. To further validate this linear degradation, we
tried a linear fit of the 12 collected SoH degradation pro-
cesses, and all of them have an excellent goodness-of-fit in
terms of root-mean-square error (RMSE) and R-Squared, as
shown in Fig. 11 where each point represents the goodness-
of-fit for a particular SoH degradation process. V-Health
removes outlier SoH samples based on this linear model —
those SoH samples deviating too much from the linear fit-
ting (e.g., >0.5% SoH) are tagged as outliers and removed,
and then the remaining samples are smoothed with a moving
average.
Similarly, V-Health filters and smooths the relaxing volt-
ages based on another empirical observation that the relaxing
voltages conform to a power function v(t) = a ·tb+c (t ≥ 0),
where t is the time since resting, as illustrated in Fig. 12. We
apply the power fitting to the 3,612 collected relaxing volt-
age traces to statistically verify this observation. Fig. 13 sum-
marizes the goodness-of-fit — the fitting RMSE is bounded
below 0.0009 and the R-Squared above 0.965, showing ex-
cellent fitting accuracy. Note that this power model dif-
fers from existing models with exponential-shape relaxing
voltages [63]. Fig. 13 also plots the goodness-of-fit when
5
Table 1: V-Health is steered and validated by 13,377 empirically collected relaxing voltage traces via 50 cycling tests with 15 phone batteries.
Battery Rated Capacity # of Tests # of Cycles Per-Cycle Profile Covered SoH (%)
Nexus 6P x 1 3,450mAh 5 1,300 <0.50C, 4.35V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [0, 93.6]
Nexus 5X x 2 2,700mAh 3 1,104 <0.50C, 4.35V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [59.2, 94.0]
Nexus S x 1 1,500mAh 3 150 <0.50C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.2V [49.9, 54.3]
Xperia Z5 x 1 2,900mAh 5 655 <0.50C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.2V [12.4, 87.1]
iPhone 6 Plus x 1 2,900mAh 2 100 <0.50C, 4.35V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [67.6, 79.1]
Galaxy Note 2 x 1 3,100mAh 5 1,350 <0.50C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.2V [21, 96.6]
Galaxy S5 x 1 2,800mAh 3 964 <0.50C, 4.35V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [73.1, 91.8]
Galaxy S4 x 3 2,600mAh 8 2,374 <0.50C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.0V [2.8, 93.2]
Galaxy S3 x 4 2,200mAh 12 4,800 <0.50C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [69.5, 97.0]
— 4 580 <0.25C, 4.20V, 0.05C>cccv ; 30min rest; 0.5C DChg to 3.3V [87.8, 92.3]
Fig. 13: Goodness of power fitting: all the 3,612 relaxing voltage traces
have RMSE <0.0009 and R-Squared >0.965; the power model describes
relaxing voltages more accurately than the traditional exponential models.
Fig. 14: Different dimensions in relaxing voltage are highly correlated:
>0.8 correlation coefficients are observed for most dimension pairs.
fitting the same set of relaxing voltages as 1-term and 2-
term exponential functions, i.e., v(t) = a · et·b (t ≥ 0) and
v(t) = a · et·b+ c · et·d (t ≥ 0), showing reasonably good ac-
curacy, but not as good as the power fitting. V-Health filters
the relaxing voltages with this power model, e.g., tagging the
relaxing voltage traces with the bottom 5% goodness-of-fit
as outliers. The moving average smoother is then used again
to smooth the remaining valid relaxing voltage traces.
Note that if an SoH sample is tagged as an outlier, so is
the relaxing voltage in the same cycle, and vice versa. Also,
V-Health only filters out the outliers based on these empiri-
cal models, instead of using the model fitting results to con-
struct the fingerprint map, thus alleviating its dependency on
model accuracy — a clear advantage over [50]. As an ex-
ample, 268 SoH samples and relaxing voltage traces are se-
lected after the data pre-processing from the 300-cycle mea-
surement shown in Fig. 9.
Dimension Reduction. Each of the collected relaxing
voltages covers a 30-minute resting period logged at 1Hz,
yielding 30× 60 = 1,800 dimensions of data. Also, the
voltage values in each of these dimensions are correlated.
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Fig. 15: Confusion matrices: over 95% accuracy when forming SoH
categories with 4% step-size.
Fig. 14 plots the correlations between each pair of the
1,800 dimensions of the 268 relaxing voltages selected from
Fig. 9, where strong correlations (with correlation coeffi-
cients ≈0.8 or higher) are observed in most cases. Such
highly-correlated, high-dimension relaxing voltages justify
V-Health’s use of the principal component analysis (PCA)
for reduction of dimensions, lowering the computational ef-
fort in constructing the fingerprint map. Again, taking the
measurements in Fig. 9 as an example, applying PCA re-
duces the relaxing voltage dimensions from 1,800 to 35 with
a variance of 99%.
Regression Modeling. Finally, V-Health uses a regres-
sion tree to construct the fingerprint map, with the above-
obtained principal components as predictors and the cor-
responding SoH as response. Fig. 15 plots the confusion
matrices when validating the constructed regression model
for each battery, showing over 95% classification accuracy
when forming 5 SoH categories with 4% step-size. Note
that this 4% step-size is only for visual clarity, and a more
fine-grained step-size of 0.1% SoH is used for the evaluation
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Table 2: Classification accuracy with other regression methods (%).
Battery Linear SVM Qua. SVM Cub. SVM Fine KNN Med. KNN Coarse KNN Tree
#1 94 94 90 67 73 71 95
#2 98 94 97 92 95 95 95
#3 93 92 76 91 94 90 96
#4 91 84 70 83 92 89 97
Table 3: Correlated degradation.
Battery #1 #2 #3 #4
#1 1 0.99 0.98 0.98
#2 0.99 1 0.99 0.98
#3 0.98 0.99 1 0.98
#4 0.98 0.98 0.98 1
of V-Health in Sec. 7. We have also tried other regression
methods such as SVM, KNN, and their variations, but have
not observed any clear advantages over the regression tree
in accuracy, as summarized in Table 2. Thus, the regression
tree is used for its simplicity and high interpretability.
5.3 Generality Analysis
The constructed fingerprint map has to be applicable for
all same-model batteries, which can be verified with the fol-
lowing two statistical observations. First, we evaluated the
similarity between the SoH degradation processes of the four
batteries via dynamic time warping [64], and the resultant
warping paths are close to the diagonal of the degradation
matrix for each battery pair (as shown in Fig. 16), exhibiting
strong similarity. Second, the SoH degradation of the four
batteries used in the measurements are highly correlated, as
shown in Table 3. These insights support V-Health’s gener-
ality of training the fingerprint map with one (or more) bat-
tery and its application to other same-model batteries, which
is reasonable as same-model batteries are expected to per-
form similarly — a goal all battery manufactures aim to
achieve [65]. We will further evaluate the cross-battery es-
timation accuracy in Sec. 7.
5.4 Extending Dataset
Ideally, V-Health is to be provided by OEMs because of
their accessibility to battery cycling datasets, e.g., covering
a complete battery SoH range. In case only a limited dataset
is available, it can be extrapolated based on the linearity be-
tween voltage drop during resting and battery SoH. Again,
we used the cycling measurements in Fig. 9 to show this ob-
servation. Fig. 17 plots the voltage drop after the battery is
rested for 10, 20 and 30 minutes during the resting period of
each cycle, together with the corresponding battery SoH dur-
ing that cycle. We can see clear linearity in all three traces
of dropped voltages, with RMSE in the order of 10−4 after
linear fitting. This observation enables to identify the lin-
ear coefficients based on the available cycling dataset, gener-
ate relaxing voltages that correspond to uncovered SoH, and
then construct the complete voltage fingerprint map.
6. COLLECTION OF RELAXING VOLT-
AGES ON MOBILE DEVICES
We now describe how to collect local relaxing voltages on
mobile devices.
6.1 Collection During Over-Night Charge
The relaxing voltages are not always collectable on mo-
bile devices for the following reasons. First, the relaxing
voltage requires batteries to be idle (i.e., the 30-minute rest-
ing period in our cycling measurements). Mobile devices,
however, discharge their batteries with continuous and dy-
namic currents even in idle mode, due to device monitoring
and background activities [29, 30, 66]. Also, battery voltage
is temperature-dependent [67–69], so a stable thermal envi-
ronment is required to collect the relaxing voltages. This
is challenging due to the well-publicized device overheating
problem [70]. Last but not the least, the relaxing voltage
is affected by its starting voltage. Fig. 18 compares the re-
laxing voltage when resting the battery at different voltages
within [3.6, 4.2]V, showing a clear dependency between the
relaxing voltage and its starting voltage level. Such depen-
dency requires a unified starting voltage for the collection of
relaxing voltages.
V-Health mitigates these challenges based on the fact
that users often charge their devices over-night— the charg-
ing duration is so long that the charger is kept connected
even after the device is fully charged. Fig. 19 plots the charg-
ing time (i.e., the time from the charger’s connection to dis-
connection) distribution of 976 charge cases collected from
7 users over 1–3 months,6 showing 34% of them lasted over
6 hours and are long enough to keep the charger connected
after the device was fully charged, due to the common over-
night charge [33–35]. V-Health starts to collect the relax-
ing voltage once the battery reaches 100% SoC during over-
night charge, and stops it when the charger is disconnected.
This collection of relaxing voltages mitigates all the above-
mentioned challenges.
First, over-night device charge rests its battery by power-
ing the device operation with the charger. Commodity charg-
ers use separate power paths to charge the battery and power
the device [31], resting the battery if the charger is kept con-
nected even after the battery reaches 100% SoC, as in over-
night charge. Fig. 20 shows such rested batteries by keeping
the chargers connected after fully charging a Nexus 6P and a
Nexus 5X phone— the current reduces to, and stays at 0mA
after fully charging the battery and thus resting the battery;
the battery voltage first instantly and then gradually drops,
agreeing with Fig. 9. Second, over-night charge provides
battery a relatively stable thermal environment. Most mo-
bile devices charge their batteries with CCCV [10], during
which the CV-Chg phase takes long at a low charging rate,
thus not heating the battery much and allowing for its equili-
bration. This way, the battery operates in a stable thermal en-
vironment during the resting period after the CV-Chg phase
6One of the user-traces was collected from our data-collection
campaign and the other six traces were obtained from the sample
dataset of Device Analyzer from Cambridge University [34].
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Fig. 21: Stable temperature during resting: battery temperature during
the after-charging resting period is relatively stable.
completes (and thus, the battery is fully charged). To ver-
ify this, we monitor the battery temperature of a Galaxy S6
Edge, a Nexus 5X, and a Nexus 6P during an 8-day real-life
usage. Fig. 21 compares the temperature distribution during
the resting periods after fully charging them with that under
normal usage, showing reduced thermal variations, e.g., the
temperature range of the Nexus 5X battery is narrowed from
25–50oC in normal case to 29–39oC when resting. Last but
not the least, collecting relaxing voltages after the battery is
fully charged unifies the starting voltage at the fully charged
level, e.g., 4.37V for Galaxy S6 Edge.
We must also consider if a device’s usage pattern (i.e., how
its battery is discharged) affects its after-charging relaxing
voltages. To this end, we discharge, charge, and then rest a
Galaxy S4 battery for (i) 6 cycles with different discharge
currents within [300, 1300]mA (Fig. 22(a)), and (ii) another
5 cycles with a different cutoff voltage within [3.3, 4.1]V
(Fig. 22(b)). The thus-collected 6+ 5= 11 relaxing voltage
traces during each resting period are plotted in Fig. 22(c).
These relaxing voltages are very close to each other (e.g.,
in comparison with Fig. 18), exhibiting their insensitivity to
previous discharge and thus reliability — a key advantage
over [36] as shown in Fig. 4. Again, this is because the
charge, especially CV-Chg, of the battery masks the distur-
bance caused by their previous discharge from the resting
period after being fully charged.
6.2 Mitigating Trickle Charge
Certain mobile devices (e.g., Galaxy S6 Edge, Galaxy S4,
etc.) use trickle charge — charging a fully charged bat-
tery under no-load at a rate equal to its self-discharge rate
— to keep their battery at 100% SoC, which invalidates the
battery resting and thus pollutes the collected relaxing volt-
ages.7 Specifically, these devices trigger trickle charge once
the voltage of a fully-charged battery has dropped for a pre-
defined value, e.g., 20mV for Galaxy S6 Edge and 40mV
for Galaxy S4, and stop the trickle charge until the battery is
fully charged again. Fig. 23(a) plots the voltage of a Galaxy
S4 phone during an over-night charge, during which trickle
charge is triggered 6 times after the phone is fully charged,
as shown in Fig. 23(b). The duration between two consec-
utive trickle charges increases because the battery OCV ap-
proaches the fully-charged level.
Trickle charge prevents battery from resting and thus pol-
lutes the relaxing voltages. V-Health extracts relaxing sub-
traces from the polluted trace with a simple observation that
a sudden increase/drop of battery voltage indicates the trig-
gering/stopping of trickle charge. Specifically, V-Health
7A simple mitigation is to prevent trickle charge by dis-
abling charge once the battery reaches 100% SoC. For exam-
ple, for Nexus 5X and Nexus 6P, this can be done by set-
ting the battery_charging_enabled flag to 0, located at
sys/class/power_supply/battery. This approach, however,
lacks generality as the root privilege is needed.
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Fig. 22: Relaxing voltages after charging are insensitive to discharge: relaxing voltages collected after discharging with different currents and to different
cutoff voltages are close, exhibiting their insensitivity to previous discharge and thus reliability.
Fig. 23: Mitigating trickle charge: trickle charge pollutes the collected
relaxing voltages ((a) and (b)); V-Health extracts sub-traces from the
polluted trace by identifying the starting/stopping time instants of trickle
charge ((c) and (d)).
calculates the 1-lag delta voltage after the device is fully
charged (Fig. 23(c)), and passes it through a low-pass fil-
ter (Fig. 23(d)). This way, V-Health extracts the relaxing
sub-traces by locating the peaks and valleys in the trace.
Fig. 24(a) plots 95 of thus-extracted sub-traces with a
Galaxy S5 phone, showing the power shape but with signif-
icant variance. To further improve trace quality, V-Health
applies power fitting to each of these traces, concluding them
to be valid if the goodness-of-fit is acceptable. Moreover, the
sub-traces may not be long enough to form a fingerprint. To
remedy this problem, V-Health recovers the sub-traces to,
e.g., 30-minute traces, based on the power fitting, which is
then used for fingerprint checking. Last but not the least,
V-Health uses the dropped voltages upon resting as the fin-
gerprint to remove its dependency on the specific values of
fully-charged voltage. Fig. 24(b) plots the processed traces
based on the raw data in Fig. 24(a).
6.3 Post-Processing of SoH Estimations
Multiple relaxing traces are likely to be collected and re-
covered during a single over-night charge (as in Fig. 23), and
thus multiple SoH estimations may result. V-Health aver-
ages such estimations as the battery SoH during that charge.
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Fig. 24: Relaxing voltages collected on a Galaxy S5 phone: (a) raw
traces after mitigating trickle charge; (b) processed traces used for finger-
print checking.
Also, there may be fluctuations among SoHs obtained from
different over-night charges. V-Health uses a first-order
smoother (i.e., estimating the current SoH by linear fitting
current and previous raw SoH estimations) to smooth such
fluctuations, and reports the smoothed result as the final bat-
tery SoH to users. Such smoothing of fluctuations is also
used in the SoC estimation of mobile devices [14].
7. EVALUATION
We evaluate V-Health using both laboratory experiments
and field-tests on multiple Android phones.
7.1 Laboratory Experiments
We first evaluate V-Health based on the measurements
summarized in Table 1. Relaxing voltages covering a 30-
minute resting period are used as the fingerprint unless spec-
ified otherwise. For the purpose of comparison, we also im-
plement the following three baseline methods:
• Casals’: the final battery voltage after 5-min relax-
ation is linear in its SoH [45];
• Bond’s: the final battery voltage after 30-min relax-
ation is quadratic in its SoH [46];
• V-BASH: the power-factor of battery voltage is linear in
its SoH [50].
Note that Casals’ and Bond’s are not always feasible on
phones for field-tests as the required voltage after a fixed-
duration relaxation may not be available due to the trickle
charge.
We first evaluate V-Health based on the dataset collected
with each of the batteries, whose results are summarized in
Fig. 25(a), in terms of the 5-th and 95-th percentiles of esti-
mation errors (in absolute value) and their mean. V-Health
estimates battery SoH with <2% mean error, and most of
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Fig. 25: Lab experiment results: V-Health estimates battery SoH with
<3% mean error and much reduced variance ((a)-(c)); training with multi-
ple batteries increases reliability (d); relaxing time need not be very long
but has to be logged at a high frequency ((e) and (f)).
them are bounded by 0.5%, outperforming the three base-
lines in all the explored cases. More importantly, V-Health
significantly reduces the variance in estimation error and
thus is much more reliable when compared to the baseline
methods.
We also evaluate V-Health by training the fingerprint
map with a battery and validate its accuracy with the traces
collected with other same-model batteries, i.e., cross-battery
validation. This is the real-life analogy of estimating battery
SoH of local devices based on an offline-trained fingerprint
map. Fig. 25(b) plots the validation results with four Galaxy
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Fig. 26: Voltage drop increases over usage: the voltage drop of a
Galaxy S5 phone after 30-minute relaxation increases over usage, validat-
ing V-Health’s basic principle in SoH estimation.
S3 and two Nexus 5X batteries, the symbol x/y denotes train-
ing with battery-x and validating with battery-y. The estima-
tion error, albeit larger than the same-battery evaluation, is
still bounded by 2% in most cases.
Users may charge their devices with different chargers
from day to day, e.g., using USB or DC chargers. Next
we use cross-profile evaluation to verify if V-Health is tol-
erable in such heterogeneous charger cases, with the four
Galaxy S3 batteries as shown in Fig. 25(c). Specifically,
we train V-Health with the dataset collected when charg-
ing with <0.5C, 4.20V, 0.05C>cccv, and validating its accu-
racy with the dataset collected when charging with <0.25C,
4.20V, 0.05C>cccv, i.e., with a constant charge current of
2,200×0.25= 550mA, approximately same as when charg-
ing with standard downstream USB 2.0 ports. Comparison
of Figs. 25(b) and 25(c) shows no clear evidence of degraded
SoH estimation due to different charge profiles — although
a few cases resulting in≈2.5% estimation error, the errors in
most cases are comparable to Fig. 25(b) and some are even
smaller, verifying V-Health’s robustness against charger
heterogeneity.
V-Health’s reliability can be improved further by train-
ing it with multiple batteries. Fig. 25(d) plots the SoH es-
timation error when training V-Health with three of four
Galaxy S3 batteries and using the fourth one for validation,
and compares it with cases of single-battery training. The
results show that training with multiple batteries reduces the
variance in SoH estimation and thus improves V-Health’s
reliability, at the cost of slightly increased error as compared
to the best case achieved with single-battery training. Note
that such best cases, however, are rather random in terms of
the battery used for training, as shown in Fig. 25(d).
We have also explored the impact of relaxing time dura-
tion and the voltage sampling rates on V-Health’s accuracy
in SoH estimation, as shown in Figs. 25(e) and 25(f), respec-
tively. The results show the relaxing time need not be very
long, e.g., the estimation error converges with ≈10-minute
relaxation, but the 5-minute relaxation in Casal’s is not
enough. Also, V-Health prefers higher sampling rates for
fine-grained relaxing voltages.
7.2 Field-Tests on Android Devices
We have also implemented V-Health on multiple
Android phones, including Galaxy S5, Galaxy S4, Galaxy
Note 2, Nexus 6P, and Nexus 5X, and evaluated them over
4–6 months. To emulate real-life usage, these devices are
discharged with various combinations of Youtube, flashlight,
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Fig. 27: Field-test results: V-Health estimates battery SoH with <5%
error on multiple Android devices over experiment periods of 3–5 months.
and an app called BatteryDrainer [71] that support different
discharge rates, at an adaptive screen brightness, to a
random SoC in the range of 0–80%. The devices are then
charged for 6–10 hours (mostly over-night) during which the
relaxing voltages are collected by sampling the system file
/sys/class/power_supply/battery/voltage_now.
We use additional batteries for each device module to
train their respective fingerprint maps. The ground
truth of the battery SoH of Galaxy S5, Galaxy S4, and
Galaxy Note 2 are collected by removing the battery
from the phones and fully charging/discharging them
with the battery tester, with the same profile as the case
of training their respective fingerprint maps. The SoH
ground truth of Nexus 6P and Nexus 5X, whose batteries
are not removable, is collected via Coulomb counting
based on their current log during discharging, located at
/sys/class/power_supply/battery/current_now.
Although the thus-estimated ground truth may not be per-
fectly accurate due to the limitation of current sensing, this
is the best estimation one can get as non-OEM researchers.8
8A non-removable battery can only be connected to the battery
tester if an additional wire is soldered on to it, as we did when col-
lecting the training traces with additional batteries. This, however,
prevents putting the battery back to the phone.
Table 4: Casals’ and Bond’s are unreliable on phones.
Galaxy S5 Galaxy S4 Note 2 Nexus 5X Nexus 6P
Casals’ 52.5% >400% 47.3% <−1,000% >900%
Bond’s 59.3% >1,000% 136.2% >1,000% >1,000%
We first examine if the voltage-SoH relationship (as in
Fig. 9) still holds on smartphones. Fig. 26 plots the volt-
age drop of a Galaxy S5 phone after 30-minute relaxation
upon fully charged, during a period of over 5 months. Note
that the voltage after 30-minute relaxation may not be avail-
able due to trickle charge, in which case we use power fit-
ting to predict such voltage. The voltage drop increases
over usage, during which the battery SoH decreases, agree-
ing with Fig. 9. Significant variance, however, is observed
in such voltage drops, indicates methods such as Bond’s
and Casals’—which estimate SoH based on a single volt-
age reading — may be unreliable. Also, the much pro-
nounced variance in Fig. 26 when compared with those in
Fig. 17 shows a clear difference between in-laboratory mea-
surements and field-tests on mobile devices, due to the dy-
namic device operation.
Next we check if V-Health can mitigate such variance
and estimate SoH reliably. Fig. 27(a) summarizes the es-
timated battery SoH with Galaxy S5 from 22/09/2016 to
10/03/2017, together with the five ground truth SoHs mea-
sured on different dates, showing<4% errors in SoH estima-
tion. Also, as stated above, users may charge their devices
with different chargers. To cover such cases, we charged the
phone with different chargers during the evaluation, namely,
1A USB (22/09/2016 – 11/11/2016), 2A USB (11/11/2016
– 17/11/2016), and its associated DC charger (18/11/2016 –
10/03/2017). No clear dependency on SoH estimation ac-
curacy and the charger selection is observed, demonstrating
V-Health’s robustness against heterogeneous chargers. Fi-
nally, the first-order smoother reduces the variance and thus
the fluctuations of SoH reported to users, as compared to the
per-charge estimations. The evaluation results with Galaxy
S4 and Note 2 phones are plotted in Figs. 27(b) and 27(c),
showing 1.5–4% estimation error.
Figs. 27(d) and 27(e) plot the evaluation results with
Nexus 6P and Nexus 5X, showing 4–5% error in SoH es-
timation. This relatively large error could be due partially,
besides the inaccurate PMIC-provided current information,
to battery’s rate-capacity effect — batteries deliver more ca-
pacity when discharged with less currents [58, 72]. The two
phones have an average discharge current of ≈300mAwhen
collecting their SoH ground truth, much less than the 0.5C
discharge rate (i.e., 1,725mA for Nexus 6P and 1,350mA
for Nexus 5X) used in training the fingerprint maps, thus
leading to the over-estimation of the batteries’ full charge
capacity and their SoH. Note that the first-order smoother
needs at least 3 samples, causing the initial fluctuation in the
smoothed SoH in Fig. 27(e).
We have also tried to estimate these phones’ battery SoH
with the two baseline methods Casals’ and Bond’s based
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on the same sets of collected relaxing voltages, as summa-
rized in Table 4. Again, note that the required voltage af-
ter 5- or 30-minute relaxation may not be available due to
trickle charge, in which case we use power fitting to pre-
dict such voltage and then use it to estimate SoH. The SoHs
estimated by the two baseline methods have much larger er-
ror than V-Health, and even exceed 100% or below 0% in
many cases, showing their unreliability on phones.
8. USE-CASES
V-Health also enables four novel use-cases that improve
user experience from different perspectives.
8.1 SoH-Compensated SoC Estimation
Besides answering the question “how long will my phone
battery last?" with the interpretation of battery lifetime,
V-Health also addresses this question in the remaining de-
vice operation time, by facilitating the SoH-compensated
SoC estimation and thus the accurate estimation on phones’
remaining power supply. Fig. 28(a) plots the voltage and cur-
rent when running a fully-charged Xperia Z phone with the
BatteryDrainer until shutting off, delivering 2,117mAh ca-
pacity in total and thus indicating an SoH of 2,117/2,330=
90.9%. Fig. 28(b) plots the battery SoC shown to the user
during the same discharge process — the phone shuts off
with ≈10% remaining SoC. Also plotted in Fig. 28(b) is the
battery SoC compensated with the captured SoH degrada-
tion, e.g., by V-Health, based on Eq. (2), which provides
users more accurate SoC estimation and thus alleviating shut-
ting the phone off unexpectedly. Fig. 28(c) plots the thus-
estimated remaining operation time based on the same ap-
proach used in TI’s Impedance Track [14]— the phone shuts
off when thinking it can operate 20 minutes longer due to bat-
tery degradation, which can be reliably mitigated with the
SoH-compensated SoC estimation, enabled by V-Health.
8.2 Abnormal Battery Behavior Detection
The battery SoH monitoring, enabled by V-Health, also
allows to detect battery’s abnormal behavior. We show this
with the example of detecting the loose connection between
battery and the device, an issue found on devices such as Lu-
mia 920 [73], iPhone 5 [74], and Note 4 [75]. Such loose
connection increases the connecting resistance and thus de-
vice heating, pronouncing the risks of thermal runaway and
even battery explosion if not detected in time [76]. The in-
creased connecting resistance reduces battery’s usable capac-
ity; in V-Health, this is observed as an unusual SoH drop
and thus detectable. We charge/rest/discharge a Galaxy S5
battery for 10 cycles to validate this: the battery is firmly
connected to the tester in the first 5 cycles; in the last 5 cy-
cles, a 100mΩ resistor is inserted between the battery and
the tester to emulate their loose connection. Fig. 29 plots
the battery SoH reported by V-Health during these 10 cy-
cles. A clear SoH drop is observed when switching from the
firm- to loose-connection settings, validating its detectabil-
ity of V-Health. Such an unusual battery SoH drop is also
explored and verified by Sood et al. [18], but with the as-
sistance of an additional ultrasonic pulser and a nanofocus
radiographic system.
8.3 Cross-User Battery Comparison
Another use-case enabled by V-Health is the cross-user
comparison among batteries of same-model devices, as illus-
trated in Fig. 30 based on 82 Li-ion batteries used in our labo-
ratory. Such comparison not only allows users to locate their
batteries’ strength among others, but also facilitates charac-
terization of battery-friendly/harmful usage patterns, when
coupled with energy diagnosis services that monitor devices’
daily usage, e.g., Carat [77].
8.4 Battery Resistance Monitoring
Batteries’ internal resistance increases as they age, reduc-
ing their usable capacity and pronouncing device heating.
Battery resistance is traditionally estimated based on the volt-
age change when the current switches between two stable
levels, i.e., r = dV/dI [25, 48]. The requirements on stable
current is to eliminate the influence of dynamic current on
voltage response, which, however, does not hold on mobile
devices in most cases. V-Health, by collecting the relaxing
voltage — the current before the relaxation changes gradu-
ally and is small (i.e., during CV-Chg) and no current is ap-
plied to the battery after entering relaxation, allows for esti-
mation of battery resistance as a by-product. Fig. 31 plots the
estimated resistance of a Galaxy S3 battery based on dV/dI
after 1s relaxation [48], according to the relaxing voltages
collected in Fig. 9. The battery resistance increases from
58mΩ to 63mΩ during the measurements, agreeing with the
68mΩ ground truth measured with a BVIR battery resistance
tester [78] afterwards these measurements. This resistance
information helps users/OEMs diagnose their device batter-
ies from another angle.
9. CONCLUSIONS
In this paper, we have designed, implemented, and eval-
uated V-Health, a low-cost user-level battery SoH estima-
tion service for mobile devices based solely on their volt-
age, and thus is deployable on all commoditymobile devices.
V-Health is inspired by our empirical finding that the re-
laxing battery voltage fingerprints its SoH, and is steered
by 50 battery measurements, consisting of 13,377 charg-
ing/resting/discharging cycles in total and lasting over 72
months cumulatively. We have also presented four novel
use-cases enabled by V-Health, improving mobile users’
experience in SoC estimation, abnormal behavior detection,
cross-user comparison, and resistance monitoring. We have
evaluated V-Health using both laboratory experiments and
field-tests with multiple Android devices over 4-6 months,
showing <5% error in SoH estimation. A main takeaway
from V-Health is the necessity to integrate physical battery
properties with device usage behaviors in the battery man-
agement of user-centric systems such as smartphones.
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